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Bottleneck-based Siam-CNN Algorithm for Object Tracking

Su-Chang LimT, Jong-Chan Kim'"

ABSTRACT

Visual Object Tracking is known as the most fundamental problem in the field of computer vision.
Object tracking localize the region of target object with bounding box in the video. In this paper, a cus—
tom CNN is created to extract object feature that has strong and various information. This network
was constructed as a Siamese network for use as a feature extractor. The input images are passed con—
volution block composed of a bottleneck layers, and features are emphasized. The feature map of the
target object and the search area, extracted from the Siamese network, was input as a local proposal
network. Estimate the object area using the feature map. The performance of the tracking algorithm
was evaluated using the OTB2013 dataset. Success Plot and Precision Plot were used as evaluation
matrix. As a result of the experiment, 0.611 in Success Plot and 0.831 in Precision Plot were achieved.
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Fig. 1 Simple Siamese Networks Architecture,
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Fig. 2. Comparison of Number of Parameters Between Non—Bottleneck and Bottleneck.
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Table 1. Specification of Experiment Environment,

Version

0/S Windows 10

CPU 17-8700K
H/W

RAM 32G

GPU Titan XP
S/W Deep learning Pytorch 1.8

Framework
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Fig. 5. Object Classification Label in Anchor Boxes.
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Table 2, The Sequence Attribute Table for Algorithm Evaluation,

Attribute

Description

Illumination Variation(IV)

Change the lighting in the target object region

Scale Variation(SV)

Change in size of target object

Occlusion(OCC)

Object occlusion by obstacles

Deformation(DEF)

Target object deformation

Motion Blur(MB)

Blur on target object

Fast Motion(FM)

fast motion of target object

In-Plane Rotation(IPR)

Rotation of an target object within an image

Out-of-plane Rotation(OPR)

Rotation of an target object outsid an image

Out-of-View(OV)

Some areas of the target object move out of the image

Background Clutters(BC)

Generate target object-like color or texture

Low Resolution(LR)

Target object has low resolution

B vl o] A FE ol GT(Ground Truth)2
g2 A #H3E A FES A4keth Suc-
cess plote= FAHH vld vlx9} GTY vhed dt
2= Atol 9] ToUe| T

Fig. 62 OTB2013 tlo|E| A& AH-&3 A A 4
7l A3E B E0. Fig. 6(a)= HE& AE
11, Fig. 6(b)&= T8 &<S UE
+ Precision plot®] T} Success plot 12| x= 72
Overlap threshold24] @ ®¥# ¥ &S Jeplith ¢
990 WETFE GTIEY dsiA viA dvke=
AL 9udt} Precision plot ZHZ xZF e
Location error threshold® S 3 A 714 Aol &

Success plote] a7

Success plots of OPE on OTB2013

08+

0.7 1

Success rate
o o
o =
L L

=]
=~
L

=
o
|

o
o
!

== [0.611] Proposed \

= = [0.608] MKCFup .

+++« [0.575] CSRDCF-LP 3
T T T T T

T T T T
01 02 03 04 05 06 07 08 09 1.0
Overlap threshold

o
st
L

=
=)

=
=)

(a)

etk 23 04 RE 95 50 JA7kA) gro] A
‘]

AEol Aot AT ARE T3 F2 dngFol &
EAAE AFH R FAs=A FH 0l Aot
A& FGrF & F Y}k AGstE duYPESL FHE

=3

oA 0.611, FH olzl&lA 0831 243
Fig. 7€ Background Clutters4d 2] Basketball
GAFS 0] 83 F2A Aoty HAA niey vkAv}
Ajbste dnElFoly 2E4L GT FFolth o]
e oz B FHolE tF AAER st
x5k Ytk 53] 649 ZH Yol A

7]'”ﬂ£]’ %EH/\]E Qlste] w7 o] Brolx] &= Illumina-
nAG7HA ARGl = EFst A

Precision plots of OPE on OTB2013

0.9
08— e T T T e
P A A NP T
0.7 y
V.
VA
0.6 7
3
§ 0.5 .
L 0.4+
0.3
0.2
= [0.831] Proposed
0.1+ == [0.794] MKCFup
- [0.744] CSRDCF-LP
0.0 ———— T

T
0 5 10 15 20 25 30 35 40 45 50
Location error threshold

(b)

Fig. 6. Result of OTB2013 Dataset. (a) Result of Success Plot and (b) Result of Precision Plot,
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Table 3. Overall Performance Evaluation Results for Attributes of OTB2013 Benchmark Dataset.

Proposed MKCFup CSRDCF-LP
Success [0.611] 0.608 0.575
Total

Precision [0.831] 0.794 0.744
IPR Success 0.542 [0.563] 0.524
Precision [0.742] 0.733 0.687
Success 0.631 [0.639] 0.559

OCC .
Precision 0.848 [0.8561] 0.713
ov Success [0.635] 0.585 0.554
Precision [0.790] 0.702 0.683
v Success [0.575] 0.552 0.529
Precision [0.7801] 0.705 0.668
R Success 0.294 [0.487] 0.374
Precision 0.542 [0.735] 0.568
BC Success [0.575] 0.518 0.512
Precision [0.783] 0.668 0.667
M Success [0.564] 0.501 0.549
Precision [0.736] 0.633 0.691
MB Success 0.548 [0.561] 0.547
Precision [0.733] 0.717 0.684
- Success 0.563 [0.570] 0.517
Precision [0.763] 0.729 0.653
Success [0.630] 0.611 0.594

DEF

Precision [0.837] 0.805 0.783
Success [0.598] 0.581 0.544

OPR -
Precision [0.810] 0.767 0.716
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